The response of terrestrial ecosystems to rising atmospheric CO 2 concentration (C a ), particularly under nutrient-limited conditions, is a major uncertainty in Earth System models. The Eucalyptus Free-Air CO 2 Enrichment (EucFACE) experiment, recently established in a nutrient-and water-limited woodland presents a unique opportunity to address this uncertainty, but can best do so if key model uncertainties have been identified in advance. We applied seven vegetation models, which have previously been comprehensively assessed against earlier forest FACE experiments, to simulate a priori possible outcomes from EucFACE. Our goals were to provide quantitative projections against which to evaluate data as they are collected, and to identify key measurements that should be made in the experiment to allow discrimination among alternative model assumptions in a postexperiment model intercomparison. Simulated responses of annual net primary productivity (NPP) to elevated C a ranged from 0.5 to 25% across models. The simulated reduction of NPP during a low-rainfall year also varied widely, from 24 to 70%. Key processes where assumptions caused disagreement among models included nutrient limitations to growth; feedbacks to nutrient uptake; autotrophic respiration; and the impact of low soil moisture availability on plant processes. Knowledge of the causes of variation among models is now guiding data collection in the experiment, with the expectation that the experimental data can optimally inform future model improvements.
Introduction
Ecosystem-scale manipulation experiments provide a unique opportunity to constrain the process-based vegetation models used to predict future productivity, carbon sequestration and land surface properties (Piao et al., 2013; Dukes et al., 2014; Medlyn et al., 2015; Norby et al., 2016) . For example, one of the major uncertainties in projecting future atmospheric CO 2 concentration (C a ) is the uptake of C by terrestrial vegetation (Arora et al., 2013; Friedlingstein et al., 2014) .
Ecosystem-scale Free-Air CO 2 Enrichment (FACE) experiments, in which vegetation is exposed to elevated C a (eC a ) continuously for a decade or more, are an essential source of data to both inform and test modelled responses. Previous FACE experiments have been especially valuable because they provided a comprehensive set of measurements of the major carbon, water and nutrient fluxes, and were of long enough duration to capture the influences of year-to-year variation in weather, adjustment of transient responses and shifts in vegetation structure (Norby & Zak, 2011) . Such experiments can inform our ability to model vegetation responses to nutrient limitation and water stress as well as rising C a .
The FACE Model-Data Synthesis project (Walker et al., 2014; Medlyn et al., 2015) tested 11 vegetation models against data from two forest FACE experiments and successfully identified a number of ways in which model assumptions could be improved based on these data, including recommendations for advancing the modelling of stomatal conductance (De Kauwe et al., 2013) , predicting nutrient limitations of growth and capturing flexibility of carbon allocation patterns . However, that model-data synthesis project took place after the experiments had been completed, too late to adapt the process of data collection to better inform the model simulations and reduce the identified uncertainties. Based on these and similar experiences, there is an increasing awareness that the knowledge advances from long-term ecosystem experiments can be maximized if models are employed from the outset (Luo, 2001; Parton et al., 2007; Norby et al., 2016) .
Model simulations at the commencement of an experiment serve a number of purposes. They can highlight key areas of model uncertainty that could be addressed experimentally (e.g. McMurtrie & Comins, 1996) and can identify powerful sets of measurements to discriminate among competing hypotheses (e.g. Dietze et al., 2014) . They can also provide a benchmark against which to compare experimental results, making it possible to identify outcomes that are consistent or inconsistent with existing theory (Luo et al., 2011) . For example, Parton et al. (2007) used the DAYCENT model to predict ecosystem impacts of eC a and warming in a semi-arid grassland in advance of the Prairie Heating and CO 2 Enrichment (PHACE) experiment. The model predictions of the response to nitrogen mineralization to increased soil temperature and reduced soil moisture helped to structure the measurements and reporting of results, which were shown to support the model predictions (Dijkstra et al., 2010) . Furthermore, application of models throughout the course of the experiment stimulates data collection, verification and archival in a model-friendly format, which can be extremely difficult to achieve retrospectively (Norby et al., 2016) .
In this paper, we applied representative vegetation models to the recently established EucFACE experiment. EucFACE is a FACE experiment in a mature, natural Eucalyptus woodland in western Sydney, growing in nutrient-and water-limited conditions. Soil at the experimental site is strongly depleted in organic matter and nutrients, particularly extractable phosphorus and leaf nitrogen:phosphorus (N:P) ratios are high (see Data S1). At the start of the experiment, it was thought likely that P availability was limiting to tree growth at the site, a hypothesis that has since been supported experimentally . The site also has low water availability; mean annual potential evapotranspiration is 1300 mm while mean annual rainfall is 800 mm, with a 10th percentile of 530 mm. A nearby experiment with young Eucalyptus trees has found strong responses to both irrigation and fertilization (C. Barton and B. Amiji, unpublished data) .
Previous experiments have demonstrated that waterand N-cycle interactions are key determinants of the plant growth response to eC a (e.g. Dukes et al., 2005; Reich et al., 2014) and that divergent patterns of plant carbon (C) allocation can affect long-term growth under eC a via feedbacks related to nutrient acquisition (e.g. contrasting results of McCarthy et al., 2010; Norby et al., 2010) . Possible interactions between P availability and eC a have received relatively little attention despite widespread P limitation across much of the globe (McGroddy et al., 2004; Wang et al., 2010; Cleveland et al., 2011) . Several glasshouse-based experiments suggest a constrained growth response to eC a under low soil P (Conroy et al., 1990; Edwards et al., 2005; Lewis et al., 2010) , but one experiment with Eucalyptus grandis seedlings found large proportional increases in growth with eC a under very low soil P, enabled by a decreased tissue P content (Conroy et al., 1992) . There are few field data exploring interactions of eC a with P availability. Predicting likely outcomes for the EucFACE ecosystem thus presents a real challenge for vegetation models.
To quantify potential impacts of eC a and nutrient and water limitation at the EucFACE site, we employed seven vegetation models. These models are based on generalized global-or large-scale parameterizations of key processes and have not been calibrated against observations from specific sites. The experiment provides a unique opportunity to explore the validity of these generalized assumptions for the case of a forest growing under nutrient and water limitations as well as the effects of rising C a . Six of the models were used in the previous FACE Model-Data Synthesis project and thus have been fully evaluated against data from the Oak Ridge and Duke Forest FACE experiments (De Kauwe et al., 2013 Walker et al., 2014 Walker et al., , 2015 Zaehle et al., 2014; Medlyn et al., 2015) , while the seventh model, CLM4-P, is an extension of CLM4 that incorporates phosphorus cycling. By evaluating multiple model differences at the outset of EucFACE, we aimed to uncover fundamental differences in modelling approaches that would enable future data collection to be optimized for ongoing model improvements or future intercomparisons. Specific goals were to (i) provide a range of quantitative predictions for the experiment against which data can be assessed as they become available; and (ii) identify key sets of measurements that would allow us to discriminate among variable model predictions driven by alternative model assumptions.
Materials and methods

Overview
We examined the responses of stocks and fluxes of C, N, P and water predicted by seven process-based vegetation models to 12 years of both ambient and elevated C a exposure. Modellers were provided with meteorological forcing, C a , N deposition data and general site information describing the physiology and structure of the stand. Models were spun-up using historical climate data for the site. We simulated a 12-year experimental period assuming two alternative sets of weather forcing. The 'fixed' weather forcing simply repeated weather data from a relatively wet year for the site location, while the 'variable' weather forcing used a 12-year period of weather chosen from the recent historical record that included a reasonably strong variability in water availability.
The models
Of the seven process-based vegetation models used in this intercomparison, two models include both N and P limitations to growth: Community Atmosphere Biosphere Land Exchange (CABLE) (Wang et al., 2010 (Wang et al., , 2011 and Community Land Model 4 with phosphorus (CLM4.0-CNP, henceforth CLM4-P) (Yang et al., 2014) . Four models represent nitrogen limitation only: Community Land Model 4.0 (CLM4.0, henceforth CLM4) (Oleson et al., 2010) , Generic Decomposition and Yield (GDAY) (Comins & McMurtrie, 1993) , Lund-Potsdam-Jena General Ecosystem Simulator with carbon-nitrogen cycling (LPJ-GUESS) (Smith et al., 2014a) and Orchidee-C-N (O-CN) (Zaehle & Friend, 2010) . Finally, the Sheffield Dynamic Global Vegetation Model (SDGVM) (Woodward & Lomas, 2004) is not stoichiometrically limited by N and considers only an empirical N limitation whereby leaf N is a function of soil C, and photosynthetic rates are a function of leaf N (Woodward et al., 1995) . Although we classify the models by their nutrient limitations, the models differ in many ways. The key assumptions of each model are summarized in Table 1 .
Simulation protocol
To generate hypothetical meteorological data for these simulations, we obtained a 20-year sequence from the recent past (1992-2011) from the closest 1.0-degree pixel to the experimental site from the global Princeton meteorological data set (GPM; Sheffield et al., 2006) . Models were initialized by recycling this meteorological sequence, using pre-industrial C a (277 lmol mol À1 ) and N deposition (2.25 kg N ha À1 yr À1 ), until model stocks of C and, where simulated, N and P, had equilibrated. Once equilibrated states had been obtained, models were run for a transient period to account for changes in C, N and P balance induced by climate and C a trends through the industrial period . Historical C a concentration data were obtained from Vetter et al. (2008) and N deposition data from Dentener et al. (2006) for the closest location to the EucFACE site.
The site is dominated by Eucalyptus tereticornis trees. None of the models explicitly represents Eucalyptus, and so they simulated the closest representative plant functional type, typically evergreen broadleaf trees. Estimated baseline data were provided for the site, including stand density, diameter at breast height (DBH) and standing biomass; physiological parameters; soil extractable water and texture; and soil nutrient contents. The information document provided to modellers is given as Supporting Information (Data S1). This information was provided in June 2013, shortly after the start of the experiment. No information on experimental results from the site was available to the modellers at the time of the model runs, thus precluding calibration of the models against experimental data. Not all baseline information provided could be used in all models; in many cases, models were run with their respective default or predicted parameter values.
Models that had the ability to represent stochastic fire events switched these mechanisms off for the course of the spin-up, transient and experimental period to facilitate comparison among models. Models were run for the forest canopy overstorey only, as most models were unable to simulate true mixtures of trees and grass, and the understorey forms a small component of total biomass at the site.
Experimental simulations were run for a hypothetical period 2012-2023, accounting for anticipated increase in ambient CO 2 concentrations, but no trends in climate drivers, during this period. For the ambient C a simulations, we applied a conservative rate of increase in C a , following the Representative Concentration Pathways (RCPs) emission pathway RCP3-PD (Meinshausen et al., 2011) . This scenario is identical to RCP4.5 in the simulation period and results in an increase in C a in the ambient treatments from 393.8 to 418.6 ppm, a 24.8 ppm or 6% increase. For the elevated C a simulations, we applied a ramp in C a following the EucFACE experimental protocol (Drake et al., 2016) : ambient + 30 ppm during September 2012; ambient + 60 ppm during October 2012; ambient + 90 ppm during November 2012; ambient + 120 ppm during December 2012; and ambient + 150 ppm from January 2013 onwards ( Fig. 1a ).
We ran simulations with both fixed and variable interannual meteorological data. For the fixed year, we chose a relatively wet year (1998), while the varying 12-year sequence was selected to encompass periods of both wet and dry years (Fig. 1b ). The combination of fixed and variable simulations was designed to allow us to investigate interactions between eC a and soil moisture availability. Hourly meteorological data were disaggregated from the 3-hourly GPM data using the CABLE weather generator (Haverd et al., 2013) . Disaggregated hourly temperature and precipitation data were compared to available local site meteorological measurements and were 
LPJ-GUESS
Progressive nitrogen limitation as in GDAY, but with lower bound for leaf N:C ratio. Wood and root N:C vary as well as foliage.
Proportional to tissue N content
Stomatal conductance is proportional to GPP. Weak coupling.
Allocation to roots increases with nitrogen and water stress
Plant transpiration is the minimum of supply and demand, where supply is the product of plant root-weighted soil moisture availability and maximum transpiration rate O-CN Progressive nitrogen limitation as in GDAY, but with lower bound for leaf N:C ratio. Wood and root N:C vary as well as foliage.
Proportional to biomass, plus extra respiration if low N uptake would cause leaf N:C to fall below lower bound.
Stomatal conductance is proportional to GPP. Strong coupling.
Allocation to roots increases with soil moisture stress, following a functional balance approach b calculated from root-weighted SWC. Applied to g 1 and V cmax No stoichiometric nutrient limitation SDGVM Leaf N is a monotonically decreasing function of soil C. V cmax and J max are a function of leaf N.
Proportional to biomass and leaf N
Leaf biomass optimized such that lowest canopy layer has zero C balance.
b calculated from total SWC. Applied to g 1 , V cmax , J max and respiration found to match annual means and intra-annual variability well (not shown).
Each model was used to perform four simulations: 1 AF: Ambient simulation with fixed meteorological data and RCP3-PD CO 2 concentrations. 2 AV: Ambient simulation with varying meteorological data and RCP3-PD CO 2 concentrations. 3 EF: Elevated simulation with fixed meteorological data and RCP3-PD CO 2 concentrations + ramp to 150 ppm. 4 EV: Elevated simulation with varying meteorological data and RCP3-PD CO 2 concentrations + ramp to 150 ppm.
Models were required to output up to 116 variables on a daily basis, including meteorological data and C, N, P and water fluxes and pools. Outputs were collated centrally and then checked to ensure mass balance of C, N, P and water in all models on an annual basis. Mass balance calculation details are shown in Data S4. We found that this level of output was required to verify that models were consistently using the same meteorological data and interpreting output variables in comparable ways. Daily and annual outputs were compared across models to quantify differences in predicted ambient ecosystem fluxes and their responses to elevated C a .
Results
Ambient C a , constant climate
Modelled fluxes under ambient C a conditions with constant climate are shown in Fig. 2 . Modelled GPP varied by as much as a factor of two among models, and depended on how nutrient limitation is represented in each model (Fig. 2a ). The lowest GPP was estimated by CLM4-P, which assumed strong limitations by both nitrogen (N) and phosphorus (P), and the highest GPP was estimated by SDGVM, which assumed no stoichiometric nutrient limitation. Among the N-limited models, a range of GPP values was predicted, with the lowest value (LPJ-GUESS) approaching that of CLM4-P, and the highest value (O-CN) approaching that of SDGVM.
There were sizeable differences in predicted autotrophic respiration rates (R auto ) among models due to different model assumptions for respiration. Differences among the models in assumptions relating to R auto can be most clearly seen by comparing model estimates of carbon-use efficiency (CUE), which is the fraction of GPP not lost to respiration or 1 -R auto / GPP. CUE was set to 50% in GDAY, and a similar ratio was predicted by both SDGVM and CABLE (Fig. 2c ). In O-CN, it is assumed that nutrient limitation leads to excess C being respired, here resulting in a relatively low CUE. High leaf and root respiration rates in CLM4 and CLM4-P, and high sapwood respiration rates in LPJ-GUESS, led to particularly low (~25%) CUE in these models. This low CUE meant that ambient NPP predicted by these models was low ( Fig. 2b ), as little as 300 g C m À2 yr À1 in CLM4-P and LPJ-GUESS, compared to 1200 g C m À2 yr À1 predicted by the non-nutrient-limited, high-CUE model SDGVM.
Predicted LAI was high, compared to the site estimate provided to modellers of 1.5 m 2 m À2 , in three of the seven models ( Fig. 2d ). It was highest (>4.5 m 2 m À2 ) in SDGVM, a consequence of this model's optimal LAI allocation. In SDGVM, LAI is increased to the point where the carbon balance of the lowest layer of foliage in the canopy is zero. This optimization scheme resulted in a high fraction of NPP allocated to foliage, well above that of the other models (see Fig. S2 ). The variability among other models in predicted LAI depended on simulated NPP as well as the fraction of NPP allocated to foliage (which varied from 8 to 33%, Fig. S2 ) and the values of leaf mass per area (LMA) and leaf turnover time. Values of LMA in models ranged from 104 to 229 g dry matter m À2 (the site estimate provided was 229 g m À2 ) while leaf turnover times ranged from one to three years (the site estimate provided was 18 months). There was as much as a twofold difference among models in predicted canopy transpiration, ranging from ca. 350 mm yr À1 in GDAY up to ca. 760 mm yr À1 in O-CN ( Fig. 2e ). This range represents 40-85% of annual rainfall in the constant climate scenario. Water-use efficiency (WUE, calculated as GPP / transpiration) was similar in most models, meaning that differences in transpiration were correlated with differences in GPP. However, the CLM4-P model had particularly low WUE because canopy transpiration is calculated from potential GPP (i.e. GPP calculated without N and P limitations) rather than nutrient-limited GPP, resulting in relatively high transpiration rates.
Nutrient pools and fluxes also varied strongly among models ( Fig. 2f,g ). While N deposition was specified as an input (averaging 3.3 g N m À2 yr À1 over the experimental period), the models differed in the amount of biological N fixation predicted, ranging from close to zero (O-CN, LPJ-GUESS) up to 5 g N m À2 yr À1 in models; blue indicates N limited; red indicates no stoichiometric nutrient limitation. GPP, gross primary productivity; NPP, net primary production; CUE, carbon-use efficiency (=NPP/GPP); LAI, leaf area index; E, transpiration; N:C ratio, foliar nitrogen:carbon ratio; N up , nitrogen uptake; P up , phosphorus uptake. Dashed horizontal lines indicate site estimates given to modellers (see Data S1). CABLE, which uses the N fixation model of Houlton et al. (2008) . Nitrogen losses from the system also varied among models, from close to zero up to 2.5 g N m À2 yr À1 gaseous losses (CLM4) and 4.8 g N m À2 yr À1 leaching (CABLE). Total soil nitrogen varied from 140 g N m À2 (LPJ-GUESS) to 810 g N m À2 (CLM4). Net N mineralization and plant N uptake both ranged from ca. 3 (in LPJ-GUESS) up to 11 g N m À2 yr À1 (in CABLE). Predicted canopy N content was lowest in LPJ-GUESS (~3 g N m À2 ) and highest in CLM4 (~10 g N m À2 ), bracketing the site estimate of 6 g N m À2 . The two models simulating P cycling, CABLE and CLM4-P, differed in their predictions of P uptake by a factor of 4 ( Fig. 2h ).
Elevated C a responses, constant climate
Differences among the models' predicted responses to elevated C a are related to the alternative hypotheses for nutrient cycling embedded in the models (Fig. 3) . The nonstoichiometrically limited model, SDGVM, showed a sustained response of GPP to eC a over the 12-year simulation ( Fig. 3a ). There was a lagged response of respiration and thus CUE as biomass increased (Fig. 3c ), meaning that there was an initial strong stimulation of NPP (Fig. 3b ), which then relaxed to a slightly lower stimulation than that of GPP. Although sustained, the SDGVM response was smaller than predicted by some of the N-limited models, principally because SDGVM predicted a high LAI under ambient conditions (Fig. 2d ). Leaf photosynthesis was thus largely light-limited and was less responsive to C a than in a more open canopy where light is less limiting.
The two P-limited models both simulated a minimal response of NPP to eC a (Fig. 3b ) because the plants were unable to increase P uptake ( Fig. 3h ) to support any increase in C uptake. The mechanism is similar in both models, although it is implemented in a slightly different way. In CLM4-P, potential GPP is down-regulated to the GPP that is able to be supported by P uptake, whereas in CABLE, GPP is unchanged and respiration rate is up-regulated (Fig. 3a,c) . Thus, CLM4-P showed a minimal eC a effect on GPP, CUE and NPP, whereas CABLE showed a substantial eC a effect on GPP and CUE, yielding no overall increase in NPP. Of the N-limited models, O-CN predicted the largest sustained GPP response to eC a (Fig. 3a) . The initial response of G'DAY was similar to that of O-CN, but this response declined over time. In G'DAY, the initial stimulation of GPP and NPP caused leaf N concentration ([N]) to fall (Fig. 3f) , driving a decline in litter quality that led to N immobilization in the soil. Reduced N availability for uptake ( Fig. 3g ) then caused leaf [N] to fall further, causing a strong feedback on the eC a response of GPP. In the O-CN model, limited N available for uptake drove a large increase in plant respiration, meaning that the NPP response to eC a was small despite the large increase in GPP.
In contrast to O-CN and GDAY, the CLM4 model assumes fixed C:N stoichiometry in plant tissues (Table 1) . Rather than a gradual feedback via increasing tissue C:N, this model assumes that the eC a response of NPP and GPP is immediately limited if there is insufficient N available to build additional new tissue, so any increase in NPP is determined by whether or not there is additional N available for uptake. CLM4 has a high rate of denitrification, which is suppressed due to higher plant N demand under elevated C a , leading to ã 10% increase in plant N uptake ( Fig. 3g ) and consequently a~10% increase in NPP under elevated C a (Fig. 3b) . By contrast, P does not have a gaseous loss pathway, and thus, CLM4-P only increases P uptake via increased competitiveness for P with microbes, leading to a small (3-4%) eC a response of P uptake, NPP and GPP (Fig. 3a,b,h) .
The approach taken in LPJ-GUESS is quite different from other models because it uses an optimization scheme for canopy photosynthesis that predicts canopy N based on the balance between photosynthesis and respiration (Haxeltine & Prentice, 1996) . This scheme results in an acclimation of photosynthesis to elevated C a via a reduction in canopy N content. The eCa response of GPP was, therefore, strongly limited by available mineral N. However, the reduction in leaf N: C ratio under eC a (Fig. 3f ) led to a reduction in respiration rate and thus a strong increase in CUE (Fig. 3c) , yielding a large response of NPP to eC a (Fig. 3b ). It can also be observed that there is a year-to-year oscillation in the LPJ-GUESS outputs. This oscillation is due to the dependence of mineral soil N on leaf litter input, which occurs on an annual time-step. Annual time-steps can be problematic in global models because the appropriate date for processes may differ in northern and southern hemispheres. Here, the oscillation is exacerbated because, in the southern hemisphere, leaf litterfall accumulated from the previous calendar year becomes available for mineralization in mid-winter, which is 6 months later, on 1st July.
Overall, the models can be divided into those with a strong positive NPP response to eC a (>20%; GDAY, LPJ-GUESS), an intermediate response (10 -15%; SDGVM, CLM4) or minimal response (0-5%; O-CN, CABLE, CLM4-P) (Fig. 3b ). Predicted responses of LAI were similar in size to the respective NPP responses except in SDGVM, which predicted a small response of LAI due to a minimal increase in the optimal LAI under eCO 2 assumed by this model (Fig. 3d) . The two models that predicted the largest increases in LAI were GDAY and LPJ-GUESS, with predicted increases of ca. 16-20%.
The eC a effect on transpiration varied among the models from À8% to +8% (Fig. 3e ). The differences among the models can be explained in terms of the eC a effect on GPP and that on water-use efficiency (WUE). Intermodel differences in WUE are well-understood following the extensive analysis by De Kauwe et al. (2013) . The models considered here make very similar assumptions about the effect of eC a on stomatal conductancethe ratio of photosynthesis to stomatal conductance is assumed to be nearly proportional to C abut they differ in how strongly transpiration is coupled to stomatal conductance (Table 1 ). The O-CN and GDAY models predicted large eC a effects on WUE because transpiration is closely coupled to stomatal conductance. However, these models both had strong eC a responses of GPP, meaning that the eC a effect on transpiration was relatively small. In the CABLE model, the eC a response of WUE was somewhat smaller than that of O-CN and GDAY because transpiration is less strongly coupled to stomatal conductance. However, CABLE's GPP response was also small, due to P limitation, so the limited increase in WUE translated into the largest reduction in transpiration among the models. Transpiration and stomatal conductance are not closely coupled in LPJ-GUESS, which predicted an increase in transpiration with eC a despite a reduction in stomatal conductance.
Ambient C a , variable climate
Models agreed that GPP and NPP would be reduced in years with low rainfall (2016, 2017, 2019) and increased in the wettest year (2021), but the size of the impact varied considerably among models (Fig. 4a,b ). In the driest year (2016), for example, GPP was reduced between 18% (CABLE, LPJ-GUESS) and 38% (CLM4, SDGVM) while NPP was reduced between 24% (CABLE) and 70% (CLM4, LPJ-GUESS). Thus, the spread among models in the predicted effect of interannual variability on GPP and NPP is of a similar magnitude to the spread in the predicted effect of increased C a .
The principal reason for this variation among models is that different models represent the impact of drought on gas exchange very differently (Table 1) . To contrast this effect among models, we requested each model output a reduction factor (b), which is the ratio of predicted gas exchange at a given soil water content (SWC) to that at field capacity. Figure 5 shows that the relationship between b and SWC differs greatly among models. Some models calculate b as a function of total SWC (GDAY, SDGVM) but differ in their parameterization of this function, such that gas exchange is reduced at higher SWC values in GDAY than in SDGVM. The b function in GDAY is taken from Landsberg & Waring (1997) while the function used in SDGVM is based on Gollan et al. (1992) . The low drought sensitivity in SDGVM resulted in a very large reduction in soil water content (Fig. 4f) , because the plants continue transpiring until low SWC is reached.
The CABLE model calculates b as a function of rootweighted SWC, such that the water content of the upper soil layers has more impact on b than the lower layers. As a result, the same b may be obtained for a very wet soil that has undergone a short drought, or a very dry soil that has had recent rainfall. The CLM4 and CLM4-P models similarly use a root-weighting function, but it is applied to soil water potential (SWP) rather than SWC. As SWP is a strongly nonlinear function of SWC, this function implies that small changes in SWC can have a large impact on b. Figure 5 shows that the b factor declined very steeply with SWC in these models, resulting in an on-off behaviour of gas exchange as soil dried down. Further causing differences among models, the calculated b factor may be applied to stomatal conductance (CABLE), the maximum rate of RuBisCO activity (CLM4, CLM4-P) or both of these (GDAY, O-CN, SDGVM). In models such as CABLE where b is only applied to stomatal conductance, water-use efficiency increases in drought, such that transpiration can decline much more strongly than photosynthesis (e.g. compare Fig. 4a,e for CABLE) .
The LPJ-GUESS model takes a fundamentally different approach to calculating the drought impact: it calculates whether soil water supply (based on rootweighted soil water content and maximum transpiration rate) is sufficient to meet demand (based on photosynthetic rate) and reduces photosynthesis on days where supply is less than demand (Table 1) . As a result, low soil water availability has most impact on days of high demand (those with high incident PAR) and may have no impact at all on days of low demand (such as days of cooler temperature). The b factor is more strongly related to incident PAR than to SWC.
Another reason for the difference among models is the nondrought LAI: models with high nondrought LAI and transpiration rate (e.g. CLM4, SDGVM) tended to show larger reductions in soil water content over time during drought. For example, the impact of drought was significantly larger in CLM4 than CLM4-P ( Fig. 4a) although they use the same drought response function. Due to the P limitation on growth in CLM4-P, nondrought LAI was predicted to be considerably lower in this model (1.5 cf. 3.5 m 2 m À2 in CLM4, Fig. 2d ); consequently, transpiration rate was lower and soil water content remained higher than in CLM4.
The relative impact of drought years on NPP (as opposed to GPP) was greatest in those models that have a low baseline CUE, particularly CLM4 and LPJ-GUESS. In these models, a large fraction of GPP was used in respiration (up to 75%) (Fig. 2c) . In consequence, a relatively small reduction in GPP (ca. 20% in LPJ-GUESS) translated into a large reduction of about 80% in NPP in the first severe drought year, when respiration rates were still high (Fig. 4b) . In subsequent years, however, respiration rates were lower, due to lower biomass production, such that the impact of drought on NPP was lessened. This 'catch-up' effect on respiration is an example of a lagged effect of drought. Lagged effects can also be seen in the response of LAI in several models: in SDGVM, for example, the drought impact on GPP in 2016 and 2017 resulted in lower LAI in 2018, with consequences for GPP in that year and further feedbacks to LAI in subsequent years (Fig. 4a,  d ).
Elevated C a responses, variable climate
The interaction between eC a and rainfall is complex. Low water availability may lead to higher eC a responses because stomatal closure can yield water savings, providing an additional stimulation to photosynthesis. However, feedbacks via increased LAI in eC a may also negate water savings. To examine differences among models, we evaluated whether they predicted increased soil water content, increased LAI, both, or neither (Fig. 6 ).
In the wettest year (Fig. 6a ), there are clear differences among models in whether the impact of eC a is principally on LAI or SWC, which can be understood in terms of their underlying assumptions. The models SDGVM, CLM4 and GDAY tended to show an increase in LAI, because these models all simulated an increase in NPP that led to increased LAI, the resultant larger surface area for transpiration outweighing the effects of stomatal closure. In contrast, the O-CN model showed an increase in soil moisture, because it simulated no change in NPP or LAI. The two P-limited models CLM4-P and CABLE tended to show neither effect. In both these models, there was no change in NPP, due to P limitation. However, they also both simulated a relatively small eC a effect on WUE (Table 1; De Kauwe et al., 2013) , so transpiration was not reduced either, leading to little effect on soil moisture content. The model LPJ-GUESS shows a reduction in soil moisture content, rather than an increase. In this model, transpiration is largely decoupled from stomatal conductance under nonwater stress conditions, and hence, the eC a -induced reduction in stomatal conductance does not lead to water savings (Table 1; De Kauwe et al., 2013) . Thus, the predicted increase in LAI in this model was accompanied by a reduction in average soil water content.
The differences among models are less obvious in the summer of the driest year (Fig. 6b) . None of the models show large soil water savings, which is because soil water differences are transient; in a dry year, soil moisture is still depleted, albeit at a slower rate. Similarly, no models show large increases in LAI, largely because of shifts in allocation from leaves to roots during periods of water stress.
This wide range of potential feedbacks leads to considerable variation in model predictions of the interaction between eC a and rainfall. In Fig. 7 , we examine whether or not the models predicted a higher eC a response in years of low rainfall. Five of the seven models showed a trend of decreasing GPP response with increasing rainfall. However, this only translated to a trend of decreasing NPP response with increasing rainfall in two of the seven models, due to lagged responses of respiration and LAI to changes in GPP, as well as feedbacks via soil nutrient availability. For example, O-CN showed a negative relationship between GPP response and annual rainfall, but showed the strongest NPP response in the wettest year. This reversal is related to soil water impacts on N mineralization, which allowed an NPP response in wet years but not in dry years.
Although most models did not predict an interaction between eC a and rainfall in their effects on NPP, they did predict that eC a could ameliorate the effects of drought, at least to some degree. Figure 8 shows ambient and elevated C a GPP and NPP during the three driest years (2016, 2017, 2019) , compared to their values in the fixed climate simulations. As noted above, the reductions in ambient C a range across models from À20 to À70%. For GPP, every model predicted that production under eC a is higher than under aC a , while for NPP only the O-CN model predicted that productivity in drought years would not be increased with eC a . The impact of drought on NPP was particularly strongly ameliorated by eC a in three models: GDAY, LPJ-GUESS and SDGVM.
Consequences for ecosystem C storage
The C budgets for each model over the 12 simulation years are given in Table 2 . Values are given for the fixed climate simulations; similar values are obtained in the variable climate simulations. Following initial spin-up, the models predicted the plant C pool to be in the range of 5 kg m À2 (CLM4-P) to 25 kg m À2 (O-CN), straddling the best estimate for the site of 12.7 kg m À2 (Data S2), while the soil C pool was in the range of 1.5 kg m À2 (LPJ-GUESS) to 8.5 kg m À2 (CABLE). Under ambient conditions, the changes in plant, soil and litter carbon over the 12 years of the experiment are relatively small fractions of total NPP, which is expected as the simulations should have been roughly in equilibrium following spin-up. Litterfall exceeded NPP in the O-CN model; as a result of the strict self-thinning assumptions in O-CN (Walker et al., 2015) , this model predicted net loss of plant C as the tree stand grew and densified over the 12 years. The fraction of the extra NPP due to eC a remaining in the system after 12 years (Table 2, lower half) varied among models depending on their assumptions about allocation and turnover (cf. De . In CABLE, CLM4 and CLM4-P, allocation patterns and turnover are assumed fixed during the growing season; all three models predicted approximately 40% of the extra NPP would remain in the plants. The four models with variable allocation patterns all predicted an increase in the fraction of C allocated to wood with elevated C a (Fig. S2 ). In the three functional-balance type models (GDAY, LPJ-GUESS, O-CN), this shift occurred because the alleviation of water stress by eC a outweighed the increase in nutrient stress, while in SDGVM a smaller foliage allocation is required to reach optimal LAI under eC a (Fig. S2) . In LPJ-GUESS and GDAY, a shift of allocation towards wood resulted in 60-70% of the extra NPP remaining in the plants. The two models SDGVM and O-CN have contrasting selfthinning assumptions (cf. Walker et al., 2015) . In the O-CN model, there was a net loss of carbon from the plant C pool under eC a despite an overall 7.5% increase in NPP, due to accelerated stand decline. In contrast, in the SDGVM model, all of the 16% increase in NPP remained in the plant, due to a decrease in turnover predicted by this model.
When additional NPP due to eC a remains in the plant, the stimulation of litterfall and, consequently, heterotrophic respiration (R het ), under eC a will be smaller than the stimulation of NPP. Thus, the only model in which R het increased more than NPP was O-CN, which predicted an increase in R het of 9%. The change in R het was no more than 6% in the other models. Predicted changes in soil C over time were similarly small; Table 2 Predicted carbon cycle components for each model, presented as values at aC a and the change between eC a and aC a , for the fixed climate simulations. All values are in g C m À2
, either as a standing amount or a cumulative total over the 12 years of the simulations. Initial values of plant carbon (C plant ), soil carbon (C soil ) and litter carbon (C litter ) are the same for both ambient and elevated simulations. Models are ordered according to the change in total NPP with elevated C a the maximum predicted change in soil C stock due to eC a was 122 g m À2 over the twelve years of simulation (CLM4).
Discussion
Large-scale ecosystem experiments, such as EucFACE, provide a major opportunity to improve ecosystem models by investigating responses to a perturbation in a situation where drivers, and most responding processes can be directly measured and quantified.
To maximize this opportunity for EucFACE, we took the important step of carrying out a model intercomparison towards the start of the experiment, rather than at the end. We had two principal goals for this model intercomparison. Firstly, we aimed to provide a range of baseline model outputs against which experimental results could be compared, such as predicted responses of GPP, NPP, LAI, transpiration and soil respiration to eC a (Figs 2 and 3 ; Table 2 ). Such baseline model predictions can be used to help optimize sampling regimes by indicating the likely effect size for key variables. They also enable competing model assumptions to be evaluated as data emerge from the experiment (e.g. Duursma et al., 2016; Gimeno et al., 2016) .
Secondly, we aimed to identify key measurements that would allow discrimination among competing model hypotheses, thus ensuring that the experiment would be able to address outstanding model uncertainties. Some of the important differences among models shown in this comparison have been previously documented in model intercomparisons against the Duke and ORNL Forest FACE experiments, including differences in the response of transpiration to stomatal conductance (De Kauwe et al., 2013) , the flexibility of carbon-nitrogen stoichiometry , and influences of elevated C a on allocation patterns and woody biomass turnover (Walker et al., 2015) . These model uncertainties remain key questions to address in the EucFACE experiment. In addition, our comparison has highlighted three further critical areas of uncertainty: P limitation, autotrophic respiration and drought stress.
Phosphorus limitation
Of the seven models considered here, one incorporated no stoichiometric nutrient limitation, four incorporated N limitation, and two incorporated both N and P limitation. The two models considering P limitation predicted the lowest eC a response (Fig. 3 ). The strong P limitation arises in part because the P cycle is assumed in the models to be relatively 'closed' (Kirschbaum et al., 1998; Wang et al., 2010) , meaning that there are few gains and losses from the system and therefore little capacity for the vegetation to increase P uptake. However, this assumption may be incorrect, as there is ample evidence from P-limited ecosystems that incoming C can enable plants to mineralize or acquire more P (Lambers et al., 2008 (Lambers et al., , 2012 Nazeri et al., 2013) . For example, biochemical mineralization of organic P through phosphatase activity can be enhanced under eC a through increased production of phosphatase enzymes, in response to increasing P limitation and increased amounts of fine root biomass, mycorrhizal fungi and soil microbes. A simple approach of modelling biochemical mineralization may not be able to accurately capture this feedback pathway. Also, it has been suggested that mycorrhizae play an important role in P uptake (Bolan, 1991; Cairney, 2011) . Under eC a , mycorrhizal associations can be stimulated (Treseder, 2004; Nie et al., 2013) . Therefore, the models may be underestimating P uptake under eC a by not including mycorrhizal associations. Mycorrhizae also represent a potential C sink, unaccounted for in most models (Fransson, 2012) . Another possible pathway for increasing P availability under eC a is through increased desorption of secondary P minerals, which occurs as a result of increased SOM and root exudation of carboxylates that compete for sorption sites with phosphate ions (Lambers et al., 2006) . A modelling sensitivity study by Yang et al. (2014) showed that these processes can significantly affect soil P availability and determine the extent of P limitation in P-limited ecosystems under eC a .
In addition, the P-limited models (CABLE, CLM4-P) assumed or simulated limited flexibility in whole-plant C:P ratios. Flexibility in these ratios would allow increased plant C uptake even where there is no increase in P uptake. Unfortunately, little is known about the flexibility of these ratios under eC a . Furthermore, there is still considerable debate concerning how P limitations to photosynthesis should be represented (Reich et al., 2009; Ellsworth et al., 2015) . Clearly, measurements related to P uptake and P-use efficiency at EucFACE would be valuable for the further development and improvement of the models by helping to quantify these important plant-nutrient feedbacks.
Autotrophic respiration
The intercomparison also highlighted very different assumptions for the effect of eC a on autotrophic respiration under nutrient limitation. The GDAY model simply assumes a constant CUE, meaning that plant respiration varies in direct proportion to modelled GPP. The LPJ-GUESS model predicts that leaf N concentration should decline under eC a , leading to a reduction in respiration rates per unit biomass (Ryan, 1991; Reich et al., 2008) and an increase in CUE. In contrast, CABLE and O-CN assume that excess labile, nonstructural C accumulates when the plant is unable to build new tissue due to nutrient limitation, and this C accumulation, in effect, drives an increase in tissue respiration rates and a decrease in CUE. All three competing hypotheses are testable. Targeted measurements of tissue respiration, in conjunction with tissue N content and tissue carbohydrate content, are needed at EucFACE to distinguish among these hypotheses.
Previous experiments suggest that respiration rates in plant tissues may correlate positively with both N and increasing carbohydrate contents in plants grown under eC a (Tjoelker et al., 1999a) , with no change in CUE (Tjoelker et al., 1999b) . As yet, there is little evidence for increased respiration with excess C accumulation as a direct response to reduced nutrient availability and uptake. Specific rates of respiration in plant tissues, particularly roots, typically decline with nutrient limitation, owing to lower respiratory costs from reduced ion uptake, transport and assimilation and reduced growth demands for adenylates and C skeletons (Lambers et al., 1983; Amthor, 2000) . Engagement of the alternative oxidase pathway could provide a means to consume C without feedbacks from adenylate cycling, altering the efficiency of ATP synthesis (Millar et al., 2011) , although total respiratory C fluxes would not necessarily be expected to change. At the whole-plant scale, increases in proportional allocation of C to root biomass under nutrient limitations would, in effect, increase respiratory C losses relative to GPP, reducing CUE (Poorter et al., 1995) .
These observations tend not to support the hypothesis of excess respiration following carbohydrate buildup. However, it can be argued that this hypothesis is not a plant physiological hypothesis as such, but rather is a mechanism used in models to deplete excess carbon under nutrient limitation, acting as a proxy for carbon never assimilated, or losses from the plant through other mechanisms such as root exudation. The use of such proxies in modelling reflects the fact that at a fundamental level, we do not fully understand, and thus do not know how correctly to model, the effect of nutrient limitation on the carbon balance of plants. Some of the models simulate a reduction in photosynthetic C uptake under nutrient limitation, either via an implausibly large reduction in leaf nutrient content (GDAY) or an unspecified mechanism of strong photosynthetic down-regulation (CLM4, CLM4-P). Other models (CABLE, O-CN) effect nutrient limitation of growth by simulating an increase in respiration. Both approaches are imperfect solutions to the problem that the reduction of photosynthesis under low nutrient availability is generally smaller than the observed reduction in growth (Reich, 2012) . At the nutrient-limited EucFACE site, it will be particularly helpful to construct an ecosystem-scale mass balance of carbon to enable the models to close the carbon budget through a correct balance of component fluxes.
Impacts of low rainfall
Another striking outcome of the comparison was that the models disagreed as much, if not more, about the effect of low-rainfall years, as about the effect of eC a on productivity (Fig. 4) . Intensive ecosystem-scale experiments such as FACE have previously provided a wide range of insights into ecosystem function well beyond responses to eC a (Norby & Zak, 2011) . In the same way, low-rainfall periods at the EucFACE experiment provide an excellent opportunity to reduce model uncertainty related to the impacts of drought.
Our analysis of low-rainfall years showed that the models embed several plausible alternative hypotheses for the effect of drought on plant function (Table 1) . However, it was striking that there was a limited empirical basis for most of the drought-stress functions used in the models. The function used in O-CN, for example, can be traced back to Abramopoulos et al. (1988) , who do not refer to experimental data. No source is given for the functions used in CLM4/CLM4-P (Oleson et al., 2010) or LPJ-GUESS (Sitch et al., 2003) . The soil moisture functions employed in both CABLE and SDGVM can be traced back to work on sunflower by Gollan et al. (1986 Gollan et al. ( , 1992 . The shape of the soil moisture function in GDAY is based on work on corn by Denmead & Shaw (1961) , but Landsberg & Waring (1997) state that their parameter values are chosen without empirical justification. There is a clear opportunity here and in other experiment-model intercomparisons to improve models by developing more evidence-based functions for the impact of drought stress (cf. De Smith et al., 2014b) . The different drought response functions used in the models are distinguishable by their predicted time-courses for the progression of drought (Fig. 5 ). Targeted EucFACE measurements of leaf-scale gas exchange and wholetree sapflux, in conjunction with root biomass and time-courses of soil water content at a range of soil depths, would allow us to discriminate among these competing hypotheses.
Possible dead-ends
In addition to highlighting processes where experimentation can really help to constrain models, the model intercomparison also flags some analyses that may not help to inform models. Firstly, it is common to test for an interaction of drought and eC a by plotting the ratio of elevated to ambient NPP in a given year against the rainfall in that year, but the expected positive drought x eC a interaction is often not found (e.g. Morgan et al., 2004; Nowak et al., 2004; McCarthy et al., 2010) . Our model results (Fig. 7) suggest that this analysis is not a good test to identify interactions between eC a and water availability. The models tested here all incorporate the standard theory for eC a x drought interactions, but generally do not show a significant correlation between the eC a effect and rainfall on NPP, due to the many feedbacks at play. Applying the same analysis to experimentally measured NPP data, which include random variability and measurement inaccuracy, is very unlikely to show any interaction.
Secondly, we compared predicted change in C storage over the 12-year simulation period due to eC a , with the estimated initial C storage in each model. The predicted change in plant C was up to 10% of the initial plant C, a change which should be detectable. However, the predicted change in total soil C was never above 4% of the initial soil C, suggesting that changes in total soil C are unlikely to be detectable. It may be more useful to focus on changes in soil C fractions and isotopic signatures rather than total soil C (see Hofmockel et al., 2011; Norby & Zak, 2011; Iversen et al., 2012) .
Good modelling practice
We strongly recommend that model intercomparisons, targeting a range of site-relevant models, be used in advance of large-scale ecosystem experiments to provide baseline expectations and to indicate key areas of model uncertainty. Some recommendations for this process can be made based on our experience here.
First, we requested that models output a large number of variables (>80), including the meteorological data they used, and all components of the carbon, water, N and P balances. These outputs were used to check model mass balances: for example, we checked whether NPP was equal to the sum of growth of all plant components, and whether the change in soil water content was equal to precipitation less evapotranspiration, runoff and drainage. These checks were invaluable for identifying errors in model outputs and ensuring that outputs were consistent across models. Mass balances ought to be carefully checked as a standard step in all modelling exercises, not just model intercomparisons.
Secondly, we recommend that a priori model intercomparisons use an 'assumption-centred' approach to analysing the model outputs . This approach recognizes that each model is composed of a large number of assumptions, and focuses on identifying which model assumptions are chiefly responsible for differences in model predictions. This approach provides significantly more guidance for experimentalists than simply comparing summary model outputs, which often reflect interactions and feedbacks among multiple processes. An assumption-centred analysis identifies clearly the competing hypotheses and the data needed to test them, which is a key aim of such intercomparisons.
Finally, we plan to revisit these simulations when experimental data become available for evaluating and improving the models. It is important that we fully document the simulations now so that we can repeat them with actual meteorological data in the future. Model code, input parameter files and outputs have been archived, and the site information document, modelling protocols and mass balance check scripts are provided as Supporting Information to this article (Data S2-S4). This material will not only allow us to recreate model runs in future, but should also enable other modelling groups to apply their models to the EucFACE experiment, which we encourage.
